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R . BT V2C-Flow[3] (IASE-GNN il 1 S BUUYER 2P, Al

2.1 V2C-i

V2C-MED J}:F Vox2Cortex-Flow (V2C-Flow) [3], Fiill—/shZAgT0
FRASTES , P AR AR TE A i A MR 434 hn] LY 3D k% B8 . 1%
AR TE 37 R F vl W R L AR 43y SR AT AR, AR S = 10 MR TR. i
HZ, V2C-Flow FIfJEMZ M2 (GNN) ALBERT AR, 1 3D B
ZMzg (CNN) M MRI $93# sp SR B BERHE . B & T #IZ2As) Chamfer
PR Lon MIRIAGIR Lo ELR—BUEIIR L TR SUREITR Lo 1
ST . BRI, JEAGM) V2C-Flow iR BREL R R N

Lyvac-rlow = Lon + Le +0.001 L,,c + Lee, (1)
Hodr, PRI A A XA B V2C-Flow e i) [ IG5 BCE . Bbah, V2C-
Flow i@ L ER TR (B)R) MANE ()2) R, I FEEAER B
RIS . T AMFIGATT, HSFRIGE V2C-Flow 1£3C [3].
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Fllm/MERAZTE (MED) $URMZINIRIET s, B V2C-
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Lyoc-med = Lvacrlow + ALMED (3)

YERFAT V2C-MED BB (3555 R 1E AL X iR TR A179 CSR
IESE, RIHRE A = 0.01 25k i) S Bk .

2.3 wEEMEVE,

ZHi, CSRGEAIFIHAL BT RMMERRTE . H0Fh A A I - 255
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V2C-MED #, [ 7 Hith 240, AT GNN B bRifE IR S 1 A T4
iafe, A TN ENE, BATRZ R 20 % 3], X CNN, &
iR T PyTorch (v1.10) HsidipbniE Kaiming 2701464k [10].



V2C-EEZ 5

PER AT PR — TR, AT AR TR v 5 HAE = astr iy r
YIfE v B3R 2 (RMSD) o B v(r) 2R T 7 B0 A A Az v B g
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1 2
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2.4 B SE R

FATLILA V2C-MED K15 7 AR V2C-Flow 3 [ , i 3 FETE https:
//github.com/ai-med/Vox2Cortex 0] PAFH| . N T HafRAF HZ W
8, WATRM TS 3] AR FE RIS, R, W25 484
AL o X FhAZ 45 1 B OE TR AT RE 8 I 23 9 PRAG IIr 2 e W B /DB TR A2
(MED) 1EMbH5 2 ) BAR TR . Br A S 3 3 FEAH 7] S 40 R 23047, PASE
MED $i R XF I it Al s A d d i s iy s .l T A TR
2 WGEAR RS, TR T FsAverage #iMf (7], 2 BRI A (Frh
V2C-Flow-S 1t [3]) 1ENFTARAAHA . FRATH & T PR E A Y 254
PR ico-6 (BFNRIA 40,962 ANT0AS) Flico-7 (FNRMEH 163,842 4
) s AEMHART, FRATIRZAEH W Re R i AR A HER (ico-7). JERIC &
W, FETOEIRIL VRAM #iid 24GB ) GPU (5 OL T, LA i ek
A [2]0 MO, T RIATHEE TR (TR B XA B E A KT R 2R
SAMEEL, HFOR IR BEALRR 7R ARG AT B, 35 L Section 2.3), 3K
AHEX LT A MEER . 0T SR TR LR 4 o B 2, FRAT 135
THERE AN (96 x 208 x 192] A A S . FATERABEL LA THRZ 85 4~
IR, XTEZRE T AR S XY THE A Nvidia A100 GPU
A ico-6 A RIHATRAM RN LR XT ico-7 Bk, - MBIAAIIZ
RAFZFEMR . FATIRA LR T Wk B A SR E E iR AUk T
I A MEEPEA

2.5 Bdhidk

We used data from the Alzheimer’s Neuroimaging Initiative (ADNI)
(http://adni.loni.usc.edu/), which comprises T1-w MRI scans (1mm isotropic
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F L AR T RTINS A A, AT X R R E R 25 (ASSD) |
PAEAHAZTH T 23 He (%0STF ) R AR IES 1 L Ji- BBl T 521 (TRT) |
I — Ak 1 15 25 18] v i 22 TE BE i DA Je 20 Section 2.3 Hh g SR 3 AR i 22
(RMSD) B . B (B3 =Rzt T T- 3918 + ARifEZE, Bk RMSD
b (TERIRETIUS LRI £ AREZE) o XTI HEhs, BEB Ty &
HHE R TR

1% ico-6 |4k ico-7
Metric Surf.  V2C-Flow V2C-MED V2C-Flow V2C-MED
\ m WM 0.285+0 .005 0.29240 .010 0.204+£0 .007 0.21740 .001
HERfE (ASSD, z2K)
Pial 0.29340 .003 0.297+0 .002 0.202+0 .003 0.20740 .002
9SIF WM 1.326+0 .116 0.7414+0 .033 1.766+0 .733 2.250+0 .303
° Pial 2.51940 .283 1.476+0 .211 2.62940 .597 2.5314+0 .437
AR (TRT, 254) WM 1.2984+0 .030 1.21140 .028 1.2294+0 .030 1.116+0 .029
AE= B
" = Pial 1.40440 .039 1.3234+0 .032 1.31240 .030 1.202+0 .024
WM 0.164+0 .008 0.08440 .001 0.151+0 .017 0.08140 .001
Deformation Energy .
Pial 0.176+0 .009 0.094+0 .001 0.162+0 .017 0.091+0 .001
Reproducibility WM 1.82740 .415 1.34840 .388 2.548+2 .182 1.290+0 .962
(RMSD, mm) Pial 1.91940 .423 1.436+0 .413 2.598+2 .121 1.326+0 .880

resolution, registered to MNI152 standard space) of subjects diagnosed with
Alzheimer’s Disease, mild cognitive impairment, and cognitively normal con-
dition. We only used baseline scans, split into 1154 training, 169 validation,
and 323 test cases. We balanced the splits with respect to diagnosis, sex,
and age. Moreover, we use a test-retest (TRT) database [18], comprising
40 scans from 3 subjects, respectively, to evaluate the reliability of recon-
structions across scans. As a silver-standard reference for the reconstruction
accuracy, we used FreeSurfer (v7.2) [6]. Note, however, that the evaluation

of the training reproducibility is independent of FreeSurfer.



V2C-EEZ 7

@
8 ~ DE=0.085
g ©
DE=0.096
‘ £
2
~
.8 ~ DE= 0143 13 Deformatlon
-% Energy (DE)
=
~
DE=0.154 - DE=0.( 0092
~ V2C-Flow VZC MED
B 2: FEFRATHIMRSE ., V2C-Flow (7)) #1 V2C-MED (#7) JI%zf7+
ico-6 (THHE) Hlico-7 (JEHS) MR (wm) FlEJZREZ UL T2 6

o BRMEFRRER TR . aIIALE TP 5 1Y FsAverage i .

3 HiRkLbhHE

A T A I HBAAE N4 i ZREL, 40 Table 1 Friigh. i
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ZERARKIUEN] . (EREERR, FERZEGOLT V2C-MED BoR ] T RHI
L%, B TAERE ico-6 pHERINZRE I (WM) Kl . 810, RMSD 571
T V2C-Flow #1 V2C-MED Z [HJfy 225 2 ico-6 73 Bt ATl 4R
i}, MED $i 245 RMSD Jgi/b 7k 25%, ikt ico-7 YLk k2 50%.
X ERIAE V2C-Flow FEZ UGzt IR FF T — BN E, (B3R AT
PR AR KR T 4o THE A MED IE WL AR 00 FRBEALA S — ek
JEMRRE MR . e, FATLBLMEH ico-6 BIRAEATIIZRMT, MED £}
SRS E ARSI B AT e EE A IR . B, SRR T
V2C-MED Y& ] B PEFIAS I Al 7 Thi ) — Bt et RN ORE 1 2
A E R ELE . BUAh, TEAREIFIRE 7 BT ) —EGE R W] MED #iik B4
RAFIIZACRE ST, I H AT DVA RO & 25 A RSB

) RMSD, X EEa[ (L 45 AN 58 T3k H Table 1 FBFIE AL BA130HE
1 MED 4512k B B B0 A AT S04 MR e 3 B i R R —2y . SR, AE

M T K7 JZAE A, TS A B AR 24 KN R7 .
4 e

FAGIA T ER/ERASE (MED) #ii, A3 V2C-Flow H1J{
TRFCRINE R PriGelm R Ik, mdh V2C-MED, feXff
AL 2100 2 1 e 5 (4 A T R T2 B S 2 it . 5 22 WA o
FART, FATHEAT T 20N, SRR A BEDLRR TR SPAl A [ ) 4R A A6
RN ZR T AR PRI — St JRATAILR 2R, MED i fest 1A
(] 11237 S5 A S vy T EE A PR — B XA IR S VRO SR R T AR
P14 B Jo 3 THT B FEASE ZR A A A T 2 B R I AL S ) MED 4525985 )
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